much more daunting in size and complexity than the genome and to understand how cells work we must study which proteins are present, how they interact with each other and what they do.
The difficulty of studying proteins is that they are distinctively different from each other and are usually present in tissue in very low amounts. In the absence of a PCR equivalent, it has been suggested to call upon affinity ligands, such as monoclonal antibodies, for detection and identification of proteins (1) . Regardless of the specific affinity ligand used, purified proteins must first be acquired in large quantities for generating and/or selecting specific affinity ligands.
Thus, there is a need to define expression and purification conditions that are applicable to hundreds or even thousands of proteins in parallel. However, because proteins differ significantly in their physicochemical properties, the success rate of high-throughput protein production is often too low, increasing the financial and technical constraints on such projects.
Several groups have previously attempted high-throughput expression of proteins or protein fragments. High-throughput is defined as the ability to automate protein production, often using a 96-well format. Braun et al. expressed 336 randomly selected human cDNAs in E.coli and purified successfully 60% under denaturing conditions using His6 constructs and 50% under nondenaturing conditions using GST constructs (2). Luan et al. expressed 10,176 Caenorhabditis elegans proteins using a robotic pipeline and observed an overall expression of 50% (15% in soluble form) (3). Agaton et al. reported a success rate of 76% for the expression of 142 human proteins in E.coli (4) . Other groups reported success rates in the range of 60%-80% (5-7).
The three dimensional structure of a protein can often provide functional clues, primarily by detecting structural homology with a protein of known function (8, 9). Structural proteomics attempts to determine protein structure on a genome-wide scale. It not only requires high-throughput expression of target proteins but also that the proteins be produced soluble, correctly folded and suitable for X-ray crystallography or NMR studies. Previous attempts to produce proteins on a large scale for structural studies resulted in success rates of ~10% (10, 11). This low success rate motivated studies that attempted to link a protein's primary sequence to its propensity to be soluble upon over-expression in E.coli (10-13). On the other hand, protein production for affinity ligands does not necessarily require the heterologous protein to be soluble. Agaton et al. reported a success rate of 56% for eliciting affinity-purified antibodies against proteins that were expressed in E.coli and purified under denaturing conditions (4) . In this respect, protein production for affinity ligands is significantly less demanding than production for structural studies. To better cope with the financial constraints of high-throughput protein production, it would be beneficial to identify a priori proteins that are likely to fail expression in a pipeline designed for affinity ligands target generation. While prediction of protein solubility upon over-expression has drawn scientific attention, prediction of successful expression has been largely disregarded. Prediction of protein expression is bound to be more complicated, since expression can fail in any of several different steps from plasmid construct stability to the final purified protein. Many of those steps, such as mRNA decay, are not necessarily related to the primary protein sequence or to the physicochemical properties of the amino acids. Solubility, on the other hand, is more likely to be dependent on the amino acid composition of the protein.
In this study we present results on the expression of 547 recombinant proteins, produced as targets for affinity ligand generation, and investigate the link between their DNA and protein medium supplemented with 50µg/ml of ampicillin and chloramphenicol. At the end of the 4hr IPTG-induction period, bacterial plates were centrifuged at 3500 rpm for 15 min. The supernatants were removed and the bacterial pellets were resuspended each in 1ml lysis buffer containing 8M urea (lysis buffer: 100mM NaH2PO4, 20mM Tris, 10% Glycerol, 0.1% Tween 20, pH 8.0; 20mM β-mercapto-ethanol plus one tablet of Complete protease inhibitor (Roche)). The content of each well was sonicated two times for 15 sec with 10 sec in between. Then the plates were centrifuged for 20 min at 3500 rpm. The next steps in the protein purification protocol were done using the Biorobot 8000 (Qiagen). Aliquots of 800µl of the supernatants were transferred to a 96 well filterplate (Qiagen) containing 200µl of Ni-NTA superflow that was washed once with 500µl lysis buffer containing 8M urea before applying the supernatant. Then vacuum of 900mBar was applied for 3 min. The resin was successively washed with 4M, 2M, 1M, and 0M solutions of urea in lysis buffer. After each wash step vacuum was applied for 1.5 min at 900mBar and the flowthrough was discarded. Finally 1ml of elution buffer (50mM NaH2PO4, 300mM NaCl, 250mM imidazole, pH=8.0) was added to each well. After 10 min, vacuum was applied for 2 min at 700mBar and the eluate was collected in a deep well 96 well block.
Protein purification for inclusion body analysis was performed separately for the soluble and insoluble fractions of the bacterial lysate. The bacterial pellet from 10ml of induced bacteria was resuspended in 600µL of B-per (Pierce) containing 1 tablet of Complete protease inhibitor (Roche) per 25ml, vortexed for 1 min at 3000 rpm and centrifuged for 10 minutes in a standard tabletop microcentrifuge at 13000 rpm and 4°C. The supernatant was removed and placed on a custom made column containing 100µL Ni-NTA superflow. Columns were washed twice with 500µL wash buffer (wash buffer: 50mM NaH2PO4, 300nM NaCl and 20mM imidazole, pH=8.0) and eluted with 500µL elution buffer. The remaining pellet of the lysed bacteria containing the insoluble fraction was resuspended by sonication (2x5 seconds) in 1ml 8M urea and centrifuged for 10 minutes at 13000 rpm. The supernatant was then placed on columns containing 100µL Ni-NTA superflow and washed with 4M, 2M, 1M, and 0M solutions of urea in BR buffer. Proteins were eluted with 500µL of elution buffer.
All proteins were visualized on Criterion Tris-HCl 12.5% precast poly-acrylamide gels from BioRad and coomassie staining.
Sequence analysis
A sequence analysis module was written in Python (www.python.org) for this study and is being distributed as part of the SeqUtils module of biopython (www.biopython.org). An aromaticity score was calculated according to Lobry and Gautier (18) , and a protein instability index was calculated according to Guruprasad et al. (19) . Isoelectric point, charge and amino acid content (aliphatic, aromatic, polar, non-polar, charged, basic, acidic, small and tiny) were calculated using pepstats (20) from the Emboss package (http://emboss.sourceforge.net). Average and maximum protein flexibility were calculated according to Vinihen et al. (21) . Protein disorder was calculated using FoldIndex (22) and from the output the longest disorder segment and the total number of residues in disorder segments were extracted. DNA sequence complexity was calculated using both nSEG (23) and G1 (24). Protein secondary structure was assessed using garnier (25) from the Emboss package, and the fractions of α-helix, β-sheet, coil and turn were calculated from the output. Although the garnier method is considered to have a low reliability in predicting the secondary structure of a protein, here we are not interested in the accuracy position-by-position but in the overall α-helix, β-sheet, coil and turn propensities of the protein, based on the tendency of individual amino acids to be present in one structure or another.
Secondary structure of mRNA was predicted using mfold (26) and the most stable structure was selected (lowest ΔG). Protein low complexity was calculated using 0j.py (27). Local GC content was calculated as previously described (14) (see also Figure 1 ). The grand average mean of hydrophobicity (GRAVY) was calculated according to Kyte and Doolittle (28). The GRAVY calculates an average value for the entire protein, which in many cases may be misleading. For example, on average a protein could be hydrophilic but still have a large internal hydrophobic region. Therefore, we further calculated local hydrophilic and hydrophobic regions along the protein using the Kyte and Doolittle hydrophobicity plot generated with a sliding window of 11 amino acids. The area under the curve (AUC) and above/below 0 were calculated using the trapezoid method, as shown in Figure 1 for GC content. The area above 0 was labeled "sum hydrophobic AUC" and the area below 0 was labeled "sum hydrophilic AUC". The single largest local hydrophobic or hydrophilic regions were located and labeled "max hydrophobic AUC" and "max hydrophilic AUC", respectively. The hydrophobic and hydrophilic AUC were also normalized by dividing the area by the total number of amino acids in the entire sequence. In addition, the hydrophobic to hydrophilic ratio was calculated, i.e. the ratio of the sum of all hydrophobic regions and the sum of all hydrophilic regions.
Codon usage was calculated according to Sharp and Li (29) . A set of 121 highly expressed E.coli proteins were selected from Swiss-2D PAGE (http://www.expasy.org/ch2d). All selected proteins were identified on a 2D protein gel and were present in large amounts with %vol average above 0.2 as calculated using the software Melanie (http://www.2d-gel-analysis.com). This set of proteins is available at http://wwwcmc.pharm.uu.nl/benita. The codon usage index was generated using a Python codon usage module (available through biopython) and the CAI for each gene was calculated. Regionalized CAI values were calculated using a CAI plot that was generated using a sliding window of 4 codons. The area below a threshold and above the curve was calculated for several thresholds (Figure 2 ). Both the sum of all areas and the single largest area were used for the analysis.
A modified version of the CAI, AAcai (amino acids-codon adaptation index), was introduced by taking into account amino acid shortage due to over-expression of a protein with an amino acid content different than the average E.coli protein. This attribute is based on the observation that ribosomes translating a heterologous mRNA may stall at positions calling for a tRNA that is largely deacylated because of the heavier than normal drain of its amino acid into protein (30). In other words, the ribosome may stall even at an optimal codon if not enough amino acid is available to be loaded onto the tRNA. The average amino acid content of E.coli was calculated using the same set of 121 highly expressed E.coli proteins mentioned above. The amino acid content of each over-expressed sequence and the deviation from the average protein content were calculated. For each amino acid that was used more frequently than average the proportion of average usage to specific usage was calculated and the index used to calculate the CAI value was adjusted accordingly. For instance, if a specific protein had 20% alanine and the average E.coli protein had 10% alanine, the most abundant alanine codon was rescaled from 1 to 0.5 and all other alanine codons were adjusted accordingly. The probability of finding a loaded alanine tRNA was reduced by two fold due to the two fold increase in usage of alanine in the heterologous protein. Once the index values were calibrated to the amino acid usage, the same methods that were described above for CAI were employed.
Protein compositional bias was assessed using POPPs (Protein or Oligonucleotide Probability Profile) (31), a suite of inter-related software tools that enable the user to discover statistically 'unusual' peptides. POPPs were created for each protein sequence versus the E.coli and human proteomes, scaled to a sequence length of 100 amino acids. The E.coli proteome was created using E.coli K-12 genome annotations (Genbank: NC_000913). The human proteome was fetched from the International Protein Index (32). Redundant proteins with more than 99% and 98% similarity to another in the respective databases were removed using nrdb90 (33).
T-tests and one-way ANOVA were performed using the stats.py and pstat.py modules (http:// www.nmr.mgh.harvard.edu/Neural_Systems_Group/gary/python.html; also distributed as part of the SciPy package: http://www.scipy.org).
Decision trees are predictive models that are often used in machine learning. Here we used decision trees to classify proteins into expression groups based on DNA and protein sequence attributes. Inner nodes in the tree represented decision variables, e.g. degree of aromaticity, and leaf nodes represented the predicted expression groups. Decision trees have previously been applied to similar data, linking sequence attributes to successful expression for structural analysis (10, 11). Decision trees were generated using the rpart module of the R statistical package (http:// lib.stat.cmu.edu/R/CRAN). The decision trees were pruned using a complexity value of 0.05. To minimize the effect of unequal group sizes, subsets of randomly selected proteins -equal in number to the small group -were selected from the larger group. The process was repeated three times, generating three decision trees.
Results
An initial set of 547 human exons, each representing a different gene, were transferred using Gateway high-throughput cloning system into the HZS vector construct. The protein fragments were a relatively small part of the entire recombinant proteins. The average length of the protein insert was 76±29 amino acids, corresponding to 8.6±3.3Kd. The constant part of the protein (HisZZ on the amino-terminal end and streptag on the carboxy-terminal end) was in total 170aa long with a molecular weight of 19.45Kd. The final HZS vectors containing the inserts were confirmed to be correct by observing the expected fragments on agarose gel after restrictionenzyme digestion. The proteins were classified into one of five groups: (I) no visible bands; (II) faint bands with correct size; (III) faint bands with wrong size; (IV) strong bands with correct size; and (V) strong bands with wrong size (Figure 3 ). Classification into faint/strong was performed visually on a scanned gel image. Gray bands were labeled faint and black bands were labeled strong. In 77% of the proteins a band was visible on the gel and overall in 58.5% of the proteins the expected size was observed. In all cases where a protein band was visible on the gel, the band was larger or equal to 17Kd -the molecular weight of HisZZ, the constant aminoterminal of the recombinant protein.
Single amino acids and peptides of up to 3aa that were significantly over or under-represented in each group of proteins (p < 0.005) compared to E.coli and human proteomes were analyzed (Table 1) . Almost every protein is "unusual" to some extent; the question is really to what extent.
The set of human proteins expressed here contained over-represented peptides that were rich in isoleucine (I), aspartic acid (D), phenylalanine (F) and glutamic acid (E) compared to the average human protein ( Table 1 ). Peptides that were under-represented compared to the average human protein were rich in glycine (G) alanine(A) proline(P) and leucine (L). These peptides have a tendency to be located in coil or turn protein structures and are not charged and not polar. A more uniform bias was seen across all groups when compared to the average E.coli protein (Table 1 ).
There was a clear over-representation of peptides rich in serine (S), lysine (K) and glutamic acid (E). These peptides are polar, hydrophilic and tend to occur in coil or turn protein structures.
Peptides that were under-represented were rich in alanine (A), leucine (L), and glycine (G) and are non-polar, not charged, not flexible and mostly occurring in α-helix protein structures.
Interestingly, the amino acid cysteine (C) is highly over-represented in group IV compared to the average E.coli (Table 1 ). This amino acid tends to form disulfide bonds with another cysteine, a modification that cannot occur in the E.coli cytosol. Therefore, over-representation of cysteine is usually associated with difficulties to express cysteine-containing proteins correctly since they cannot fold correctly. In our set of human proteins, no expression difficulties were observed for proteins rich in cysteine.
Group IV, containing proteins with high expression levels and expected molecular weight, was considered the most optimal for our pipeline. All other groups were compared to it by using an independent sample T-test with assumed equal variance for all sequence analysis methods, followed by one-way ANOVA across all five groups (Table 2) .
Groups III and V contained slightly longer DNA sequences than the other groups, corresponding to a difference of approximately 1kD in average protein weight. mRNA folding stability appear to be similar for all groups. Codon usage was not significantly different throughout the five protein groups, except for group I, which had a less optimal codon usage than group IV when calculating the area under a 0.2 threshold. DNA GC content was not significantly different throughout the five groups. Group I was the only group with a significantly higher average aromaticity score compared to group IV. However, there was no significant difference in the number of aromatic amino acids across all groups. Group I had the lowest average protein flexibility score (most rigid) and group III had the highest (most flexible), both significantly different than group IV. Hydrophobicity was evaluated using several methods. Using the GRAVY scores, all groups had an average score below 0 (hydrophilic) and only group I was significantly different than group IV with a higher score (more hydrophobic). The analysis of the area under the hydrophobicity curve revealed that group I contained significantly more hydrophobic regions, nearly two fold compared to group IV; and that groups III and V contained significantly larger hydrophilic regions compared to group IV. Groups II and IV had a balanced ratio of hydrophobic to hydrophilic area, while in group I the ratio was 3.7. Group I and group V had the highest and lowest average isoelectric point of all groups, respectively; and both were significantly different than group IV. Groups II and IV had a protein charge close to 0, while group I had the highest positive charge and group III the highest negative charge. When compared with group IV, the amino acid content as calculated by Pepstats was only significantly different for group I. Group I had more aliphatic and non-polar amino acids; and less polar, basic and acidic amino acids. These observations are in agreement with the above difference in hydrophobicity and charge. The content of α-helix, β-sheets, coil and turn from the predicted secondary structure was not significantly different across the five groups except for a higher coil content in group III compared to group IV. Protein sequence complexity scores were significantly higher only for group I, indicating lower sequence complexity for protein in this group. The average score was nearly two fold higher than group IV. Protein disorder was evaluated using several parameters. Group I had the highest average disorder score, significantly higher than group IV. When considering the longest disorder segment, only groups II and III had a significantly higher score than group IV.
POPPs were employed to identify peptides that were over-or under-represented in each group compared to group IV (Table1). The most obvious observations were (i) the low complexity of over-represented peptides in group I; (i) the high complexity of over-represented peptides in groups II and V; and (iii) most of the over-represented peptides in all groups were 3aa long, while in the under-represented peptides only a few were 3aa long. In general the POPPs analysis was in line with the above sequence analysis, for instance, over-represented peptides in group III were rich in aspartic acid (D), glutamic acid (E), serine (S) and proline (P), supporting the observation that group III is mainly characterized by a strong hydrophilic content.
Decision trees were employed to extract sequence attributes that were the most useful for classification purposes (Figure 4 ). In each decision tree one of the protein groups is classified compared to group IV. The largest local hydrophobic region and the isoelectric point were the most useful attributes for classification of proteins into groups I or IV ( Figure 4A ). The best tree classified correctly 73% of the proteins, 85% correctly in group IV and 62% correctly in group I (Figure 4 A2 ). Decision trees for other groups were not consistent in the sequence attributes used and the classification performance was lower than those of group I. Sequence attributes that appeared in more than one tree included isoelectric point for group II ( Figure 4B ), coil propensity for group III ( Figure 4C ) and protein flexibility and instability for group V ( Figure   4D ).
Inclusion bodies formation
The major attributes that were different between groups were previously associated with inclusion body formation (12, 34, 35). Therefore, 68 human exons were expressed using the same procedure except for the protein purification part. Instead of purifying proteins under denaturing condition, proteins were purified separately from the soluble and insoluble phases ( Figure 5 ). The purified proteins were visualized on 1D gels and classified into one of five groups as described above. The majority of the proteins from the insoluble fractions were visualized as strong bands (groups IV and V), while the majority of the proteins from the soluble fraction were visualized as faint bands (groups II and III) ( Figure 6 ). Forty three percent of the proteins which were purified from the insoluble fraction were observed to be of expected size compared to 34% in the soluble fraction. Furthermore, the number of proteins with no visual band on gel was higher for the soluble fraction. Combining both fractions, no visible protein bands were observed on gel for 7 proteins and a band of expected molecular weight was observed for 37 proteins (54%). Of these, 16 were present in both the soluble and insoluble fractions, 13 were present only in the insoluble fraction and 8 were present only in the soluble fraction. Proteins that were expressed correctly in the soluble fraction were compared to proteins that were expressed correctly in the insoluble fraction. The only two parameters that were significantly different were GC content and β-sheet propensity. Proteins that were expressed correctly in the soluble fraction had a higher GC content (61% versus 51%, p = 0.03) and a lower β-sheet propensity (0.11 versus 0.26, p=0.02).
Bacterial growth for these proteins was monitored at an optical density of 550nm (OD550). The OD550 was measured after overnight growth at 30°C, prior to dilution and induction. The average OD550 for all 68 proteins was 2.6±0.6. Due to the relatively small number of samples, bacterial growth was compared across three different expression groups, namely, group I (no detectable protein), groups II+IV (expected sizes) and groups III+V (unexpected sizes). A protein was considered correct if the protein band was of the expected size in either of the soluble or insoluble fractions. A protein was classified into group I if no visible band was observed on gel in both the soluble and insoluble fractions. Bacterial growth for group I was significantly lower than the growth observed for groups III+V, which was significantly lower than groups II+IV (Figure 7 ).
Discussion
The genomics field has been revolutionized by the ability to use high-throughput technology.
DNA arrays are now affordable to most labs and genomics information accumulates faster than it can be analyzed. The proteomics field, despite many efforts and advances, still lacks effective high-throughput technology. The work presented here demonstrates the technical difficulties in scaling up heterologous protein expression. We expressed small protein fragments in E.coli for generating antibodies against the native protein. Those fragments were expressed as part of a recombinant protein with a large HisZZ fusion protein on the amino-terminal end and a smaller streptag on the carboxy-terminal end. Although the selected DNA insert was on average a third of the entire recombinant DNA sequence, significant differences were observed in expression level in E.coli. The success rate reported here of ~60% is similar to previous reports where a pipeline approach was applied (2-7). All protein bands that were observed on gel were equal or larger to the HisZZ domain size, suggesting this domain is very stable and probably folds independently. We have shown elsewhere that this domain is also beneficial for eliciting antibodies (17).
Here we attempted to detect, based on sequence analysis, those proteins that are suitable for our specific pipeline protocol. We observed several significant differences between the five expression groups. The group that is most different from all others is group I, which contains the genes whose products failed to produce visible bands on the gel. The proteins produced by this group were the most hydrophobic, had the highest positive charge, highest isoelectric point, highest low-complexity score, lowest flexibility, highest β-sheet propensity and the lowest protein disorder. Hydrophobicity and β-sheet propensity have been previously implicated in the formation of inclusion bodies (12, 35). However, the low flexibility and low protein disorder stand in contrast to inclusion body formation. Inclusion bodies have been shown to be the result of an increased population of partially folded intermediates (34) and reduced flexibility and disorder are likely to reduce the formation of such intermediates (35). Furthermore, there is a conflict between the high positive charge observed in group I, which increases solubility in an aqueous environment, and the large hydrophobic regions, which decrease solubility. Therefore, it is possible that the combination of high hydrophobicity and charge together with low flexibility and low protein disorder generates a protein that is not likely to form inclusion bodies in the bacterial host. Such a protein is potentially toxic to the host since large non-folded hydrophobic regions have a tendency to aggregate in an aqueous environment. This possibility is supported by the lower growth rate observed for group I. It is also possible that only those cells that expressed the wrong ORF survived. Proteins of group I also had a significantly lower protein complexity and a higher aromaticity score. Low protein complexity is likely to cause amino acid shortage and trigger a stringent response resulting in increased protease activity and protein degradation (36-38). Ramìrez and Bentley showed experimentally that the addition of phenylalanine to bacteria over-expressing chloramphenicol acetyl-transferase (CAT), reduced the cellular stress and resulted in a proportional increase in production (37). The lower complexity and higher aromaticity score for proteins in group I suggests that proteins in this group posed a higher burden on the host, which is another form of toxicity and strengthens the previous statement. The decision trees distinguished group I from group IV by the single largest hyrdrophobic AUC region and the isoelectric point of the protein, supporting the above conclusion that these proteins were most likely expressed below detection level due to toxicity to the bacterial host.
The two groups of proteins with expected sizes (groups II and IV) were indistinguishable from one another using sequence analysis. Despite the relatively high number of proteins in each group, the decision trees generated to classify proteins in one of the two groups were inconsistent and had a performed poorly, emphasizing further the difficulty of separating these two groups.
Final low quantities of purified protein can be explained either by proteolyis, inefficient protein production, inefficient purification or low bacterial growth. Since the ZZ domain was shown to be stable, it is unlikely that the His6 tag was unavailable for purification. It is also unlikely that bacterial growth was lower for group II since no evidence were found to support it in the other set of 68 proteins where bacterial growth was monitored. POPPs analysis detected overrepresented peptides rich in serine (S), a hydrophilic amino acid. Serine rich peptides were overexpressed in all groups compared to the E.coli average protein, however, in group II the overrepresentation was even higher than in group IV. The solubility experiment showed that soluble proteins were present in low amounts while the insoluble proteins accumulated to larger amounts. Therefore, differences in quantity are most likely due to differences in solubility of the proteins or differences in their resistance to proteolysis.
Proteins that had a visible band on gel but of incorrect size (groups III and V) were either produced as full proteins that were later cleaved or degraded, or the translation simply stopped shortly after the HisZZ domain. Those proteins were harder to distinguish from group IV than proteins from group I. The most distinctive property of proteins with incorrect size is their negative charge, compared to the neutral charge of proteins of expected size and the higher coil propensity. Those proteins also have larger local hydrophilic regions. Decision trees created to classify proteins were inconsistent. However, several attributes that were repeated include percentage of amino acids occurring in coil structures, hydrophobicity and flexibility. Given those properties it is reasonable to assume that the cause for production of proteins with wrong size was either cleavage or degradation of the proteins and not translation interference.
Protein expression can fail in many different steps, from the stability of the plasmid encoding the protein to the specific protein generated and its interactions with the E.coli proteins. Using a pipeline approach, we were not able to determine experimentally whether expression failure occurred at DNA, mRNA or protein levels -only the end result was known. None of the DNA attributes that were derived from sequence analysis methods were significantly different between groups. Therefore, it is more likely that differences in expression can be attributed to the properties of the produced proteins, while the DNA and mRNA constructs were similarly stable for all groups.
A DNA or protein sequence is often characterized using a plot generated by a numerical value assigned to each base or amino acid (39), such as the GC content plot shown in Figure 1 .
Although these plots may be useful when analyzing a few sequences, they are difficult to use when comparing hundred of sequences since there is no easy way to convert them into a number preserving the information displayed. Here we used the area under the curve and above a threshold or the area above the curve and under a threshold depending on the context of the attribute. This method was more useful than using the average value of the plot and emphasized the differences between protein groups. Using the GRAVY method as described by Kyte and Doollittle (28), for instance, suggested that only the mean value of group I was significantly different than group IV and that all protein groups were hydrophilic. However, using the mean of the largest hydrophobic and hydrophilic areas in each protein and the mean of the sum of all hydrophobic and hydrophilic areas revealed the significantly larger regionalized hydrophilic content in groups III and V compared to group IV and the extent of local hydrophobic regions in group I. Furthermore, attributes that use the area under the curve were shown to be more frequently used in the decision trees compared to attributes that use average values. Therefore, we recommend employing these sequence analysis methods when comparing DNA or protein sequences.
Inclusion body formation was tested on 68 proteins. Clearly, more pure protein product could be obtained from proteins that form inclusion bodies compared to soluble proteins. While the majority of the proteins were present in both the soluble and insoluble fractions, some were present exclusively in one of the two. The exclusive expression in the soluble phase was probably due to the stability and solubility of the HisZZ domain, which is the largest part of the protein. Despite the relatively higher number of proteins with expected size in the insoluble phase, many proteins could clearly be expressed correctly in a soluble form. Therefore, inclusion body formation as such is not essential for correct expression. β-sheet propensity was significantly lower for soluble proteins. Increased β-sheet formations were previously shown to increase the likelihood of inclusion body formation (12, 35). The biological significance of the higher percentage of GC content observed in soluble proteins is not clear.
The ability to predict successful expression was limited. Decision trees, which have been previously used for similar purposes (10, 11) were not consistent except when comparing groups I and IV. While in some cases the same attributes were used in all trees, in many cases, different attributes were used for classification in each tree. This demonstrates the difficulty in determining a small set of attributes that cause expression failure and emphasizes that failure can occur at different levels and due to a different combination of attributes. At this point we are unable to produce an exact algorithm for predicting successful expression with a reasonably good sensitivity and specificity. However, for our specific pipeline efficiency is likely to be increased simply by avoiding proteins with (i) a strong positive or negative charge (ii) a ratio hydrophobic AUC to hydrophilic AUC different than 1±0.5 (iii) an isoelectric point below 6.5 or above 7.5 (iv) high aliphatic or aromatic content (v) protein complexity above 1 (vi) high β-sheet or coil content and (vii) low flexibility. Other protocols will be developed to handle those proteins for which specific strategies need to be devised.
Many groups within the academia and industry attempt to produce proteins in a high-throughput manner with varying success rates of 40% to 80%. The success rate is often accepted as is with no further inquiry into the reasons for which protein expression failed for such a large group of proteins. We would like to encourage all groups using high-throughput protein expression to investigate the link between DNA and protein sequences and successful expression as shown here. The accumulation of such data will allow us to better identify the combination of protein attributes leading to expression failure and eventually to a better understanding of the expression process and to efficient and affordable protein expression platforms that are essential for proteomics research.
-23- Table and Figure legends   Table 1 : Top ten over-represented (A) and under-represented peptides in each expression group compared to the average E.coli protein, the average human protein and to the average group IV protein. Peptides were detected using POPPs with probability value of 0.005 and scaling protein length to 100 aa. Peptides are sorted from the most over-or under-represented peptide to the least. Table 2 : Mean values and standard errors of DNA and protein attributes of the five expression groups. P-values on the right column were acquired using a one-way ANOVA test across all five groups. A significant ANOVA p-value (p < 0.05) indicates that the mean across all groups is not equal. The mean values of groups I, II, III and V were further compared to the mean value of group IV using a t-test and significant differences (p < 0.05) are indicated in Bold. A band that was observed to be less than 10% smaller or larger than expected was labeled correct. Gray bands were labeled "faint" and black bands were labeled "strong". IV (IV). Group IV was the largest expression group in our data set containing 198 proteins. To avoid bias due to unequal group sizes a random selection of proteins was sampled from group IV equal in size to the other group. To increase confidence in the classification process, three trees were constructed, each time sampling randomly from group IV. The length of the branch is proportional to the classification error. Next to each leaf node the predicted group is indicated and the proportion of the number of cases that were classified correctly to the total number of cases predicted for that leaf. For instance, in the lowest leaf of decision tree D1, 29 proteins were classified into group IV, but only 23 of those were actually from group IV and the remaining 6, from group V. Tables   Table 1. 138 Chapter 6
(1.1), while group I was strongly biased towards high hydrophobicity with a ratio of 3.7.
Amino acid content of aliphatic, acidic and polar amino acids, which are directly related to hydrophobicity, were all significantly different and correlated to the difference in hydrophobicity ( Table 2 ). Peptides that were over-represented compared to the average E. coli proteome Human proteome Group IV Table 2 . Mean values and standard errors of DNA and protein attributes of the five expression groups. Pvalues on the right column were acquired using a one-way ANOVA test across all five groups. A significant ANOVA p-value (p < 0.05) inidcates that the mean across all groups is not equal. The mean values of groups I, II, III and V were further compared to the mean value of group IV using a t-test and significant differences (p < 0.05) are indicated in Bold. 
